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The clinical phenotype of dementia with Lewy bodies (DLB) is different from Alzheimer’s disease (AD),
suggesting a divergence between these diseases in terms of brain network organization. To fully
understand this, we studied functional networks from resting-state functional magnetic resonance
imaging in cognitively matched DLB and AD patients. The DLB group demonstrated a generalized lower
synchronization compared with the AD and healthy controls, and this was more severe for edges con-
necting distant brain regions. Global network measures were signiﬁcantly different between DLB and AD.
For instance, AD showed lower small-worldness than healthy controls, while DLB showed higher small-
worldness (AD < controls < DLB), and this was also the case for global efﬁciency (DLB > controls > AD)
and clustering coefﬁcient (DLB < controls < AD). Differences were also found for nodal measures at brain
regions associated with each disease. Finally, we found signiﬁcant associations between network per-
formance measures and global cognitive impairment and severity of cognitive ﬂuctuations in DLB. These
results show network divergences between DLB and AD which appear to reﬂect their neuropathological
differences.
 2015 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).1. Introduction series of systems or networks such as the default modeDementia with Lewy bodies (DLB) is an increasingly recognized
cause of dementia, accounting for 4%e8% of dementia cases
(McKeith et al., 2007). Diagnostically, it is characterized by 3 core
symptoms: cognitive ﬂuctuations, visual hallucinations, and
parkinsonism (Calderon et al., 2001; Collerton et al., 2003).
Alzheimer’s disease (AD) accounts for 50%e70% of the cases
(McKeith et al., 2007), with memory loss as the main presenting
symptom (Calderon et al., 2001). Although substantial previous
research has achieved a criteria for the clinical differentiation of
DLB to other dementias such as AD (McKeith et al., 1996, 2005), at
early stages the clinical phenotypes of these 2 diseases can overlap
(Tiraboschi et al., 2006; Troster, 2008). This encourages research on
the understanding of the etiological mechanisms of both diseases.
A neuroimaging alternative that can be used to understand DLB
is resting-state functional magnetic resonance imaging (rs-fMRI).
During resting-state intrinsic brain connectivity manifests in aience, Biomedical Research
castle University, Newcastle
c.uk (L.R. Peraza).
Inc. This is an open access articlenetwork (Raichle et al., 2001). These resting-state networks are
considered a functional reﬂection of structural brain connectivity
(Beckmann et al., 2005), which can be altered by neurodegenerative
diseases as evidenced in previous rs-fMRI studies (Binnewijzend
et al., 2012; Greicius et al., 2004; Seeley et al., 2009).
One approach to studying brain’s functional connectivity is by
building a graph whose topological characteristics reﬂect neural
communication among brain regions (Eguiluz et al., 2005;
Wang et al., 2010). Such systems can be analyzed using graph
theory, which provides a powerful series of tools that help to
understand and describe the brain’s complexity globally and
regionally (Kaiser, 2011; Rubinov and Sporns, 2010; Sporns et al.,
2004). Brain network analysis has been shown to be a reliable
method across neuroimaging modalities (Buchanan et al., 2014;
Wang et al., 2011), and substantial research has been accom-
plished for the study of AD (He et al., 2009; Stam et al., 2007;
Tijms et al., 2013). However, to date there have been no compara-
ble studies in DLB.
In the present study, we therefore sought to characterize how rs-
fMRI brain networks are altered in DLB using graph theory and to
contrast our ﬁndings against a healthy control group, as well as an
AD cohort, to determine DLB-speciﬁc network alterations. Our hy-
potheses were that: (1) DLB patients would show altered networkunder the CC BY license (http://creativecommons.org/licenses/by/4.0/).
Fig. 1. Functional network inference and network scores for unweighted, undirected connectivity matrices. (A) A weighted connectivity matrix is inferred from fMRI time series,
then thresholded to a desired edge density or average node degree where the surviving edges become 1 second and the rest 0 seconds. Then, network scores can be applied to the
resultant network. (B) Network measures used to characterize functional brain networks in dementia with Lewy bodies and Alzheimer’s disease patients shown in local and global
versions. All network measures were estimated using the Brain Connectivity Toolbox (Rubinov and Sporns, 2010). Abbreviation: fMRI, functional magnetic resonance imaging.
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with controls, as is commonly reported in the literature for AD; (2)
DLB and AD patients would have different topographic network
alterations given their differing etiological bases, and thus, we
would expect different patterns of expression in local network
measures between the diseases; and (3) cognitive and core symp-
toms in DLB would map onto alterations in network measures.
2. Methods
2.1. Participants and assessment
The study involved 63 participants; 22 diagnosed as DLB, 24 as
AD, and 17 healthy controls. Patients were recruited from the local
population who had been referred to local old age psychiatry and
neurology services. Diagnostic classiﬁcation of patient groups was
carried out by 2 independent experienced clinicians. Participants
with AD fulﬁlled the National Institute of Neurological and
Communicative Diseases and Stroke/Alzheimer’s Disease and
Related Disorders Association criteria for probable AD (McKhann
et al., 2011). DLB patients met criteria for probable DLB, including
the presence of 2 of 3 core symptoms; cognitive ﬂuctuations, visual
hallucinations, and parkinsonism (McKeith et al., 2005). Eleven out
of the 22 DLB patients had dopaminergic imaging, and of these all
had reduced bilateral uptake of tracer within their striata. Clinical
assessment included the Mini-Mental State Examination (MMSE),
Cambridge Cognitive Examination (CAMCOG), Uniﬁed Parkinson’s
disease rating scale (UPDRS) (Fahn and Elton, 1987). Caregiverswere asked to complete the Clinical Assessment of Fluctuations
(CAF) (Walker et al., 2000), and the Neuropsychiatric Inventory
(NPI) (Cummings et al., 1994), with a particular focus on the
hallucinations subscale (NPIhall) from a visual hallucinations
perspective. Most of the patients were taking acetylcholinesterase
inhibitors (AChEI; 21 DLBs and 24 Alzheimer’s). The control group
had no history of psychiatric or neurological brain disease and a
MMSE score >27. Approval for this study was granted by the
Newcastle Ethics Committee and all participants gave informed
consent.2.2. Imaging preprocessing and time series extraction
For the resting-state, participants laid within the magnetic
resonance imaging scanner with eyes open and a total of
128 functional magnetic resonance imaging (fMRI) volumes were
acquired (repetition time ¼ 3000 ms). fMRI preprocessing
was implemented using the FMRIB’s Software Library (FSL 4.1;
www.fmrib.ox.ac.uk/fsl). It included FMRIB’s Linear Image Regis-
tration Tool for motion correctionwith spatial smoothing full width
at half maximum of 6.0 mm, and high pass ﬁlter of 150 seconds.
Structural and functional MRIs were nonlinearly coregistered to
standard space Montreal Neurological Institute using FMRIB’s
nonlinear image registration tool. Motion parameters were
analyzed for movement exclusion criteria (translations >2 mm and
rotations >1) as in Liao et al. (2010), Ni et al. (2012), and com-
parisons between groups for motion/rotationwere evaluated by the
head motion=rotation ¼ ðM  1Þ1
XM
i¼2
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
jxi  xi1j2 þ jyi  yi1j2 þ jzi  zi1j2;
q
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3 motion/rotation parameters and M is the fMRI length.
To further clean the fMRI data sets, Multivariate Exploratory
Linear Optimized Decomposition into Independent Components
was carried out on each of the participant’s fMRIs using standard-
ized cleaning procedures (Kelly et al., 2010). Components resem-
bling artefacts such as movement and cerebrospinal ﬂuid, or whose
power spectra were widespread through all frequencies or above
0.10 Hz were ﬁltered out. Time series extraction was then imple-
mented using 6-mm spheres from 100 cortical and 4-mm spheres
from 12 subcortical regions of interest (ROIs). ROI coordinates were
obtained from the Harvard-Oxford cortical/subcortical atlas in
FMRIB’s Software Library in standard MNI space. Then, the MNI
coordinates were spatially transformed to fMRI participant space
using the coregistration parameters. With the fMRI time series,
Pearson correlation matrices were computed.
Previous investigations in rs-fMRI and Lewy body diseases have
found the presence of functional anticorrelations in DLB
(Galvin et al., 2011) and Parkinson’s disease (PD) (Hacker et al.,
2012). Because of this, and because we were interested in assess-
ing brain connectivity regardless of whether it was positive or
negative in our patient groups (De Vico Fallani et al., 2014), we took
the absolute value of the correlation matrix for further graph
analysis (Li et al., 2013). A schematic diagram showing the network
inference steps is shown in Fig. 1A. ROIs, their coordinates and la-
bels are listed in Supplementary Table 1.
2.3. Graph analysis
Brain networks are represented by graphs where ROIs are
nodes and their interactions are edges or connections. We opted for
the analysis of binary connectivity matrices obtained from the
correlation matrices by thresholding these by edge density
(van Wijk et al., 2010). This avoids obvious differences in the
strength of the connectivity values between patients and controls,
and focuses on the comparison of functional brain networks
(De Vico Fallani et al., 2014).
Different measures have been developed to characterize
network topologies. Networkmeasures used in our study are brieﬂyTable 1
Demographic, clinical, and cognitive measures
Demographic, clinical, and cognitive measures DLB (n ¼ 18)
Male:female 13:5
Age 77.2  6.18
MMSE 23.6  3.9
UPDRS 17.44  7.8
CAMCOG 76.2  13.5
CAF scale 3.29  4.06e
NPI total 8.71  5.47e
NPI hallucinations 1.65  1.83e
Values expressed as mean  1 standard deviation.
Key: AD, Alzheimer’s disease; CAF, Clinical Assessment of Fluctuating Confusion; CAMCO
controls; MMSE, Mini-Mental State Examination; na, not applicable; NPI, Neuropsychiat
a c2 test, DLB, AD, and HC.
b Analysis of variance DLB, AD, and HC.
c Student t test AD and DLB.
d Student t test HC and AD.
e (n ¼ 17).
f (n ¼ 18).explained in Fig. 1B and further explained in previous published
tutorials (Kaiser, 2011; Newman, 2003; Rubinov and Sporns, 2010;
Stam and Reijneveld, 2007). All network measures in our study
were estimated using the Brain Connectivity Toolbox (Rubinov and
Sporns, 2010) in Matlab (MATLAB 7.14, The MathWorks Inc, Natick,
MA, USA). With this, a battery of 3 analyses was implemented to
study functional networks in our participants as explained in the
following paragraphs:
2.3.1. Edge strength and distance analysis
To compare topological differences between groups, network
edges in all participants were classiﬁed as short, middle, and long,
depending on the spatial Euclidean distance between 2 directly
connected nodes. The boundaries for the distance range classiﬁ-
cation were chosen by identifying the longest and shortest
possible distance between 2 nodes and dividing their difference
into 3 equal ranges (short 2.82e56.63 mm, middle
56.63e110.43 mm, and long 110.43e164.23 mm according to the
MNI space). For group comparisons, networks were thresholded at
a range of network densities from 3.6% to 39.3%, in agreement to
previous brain connectivity studies (Bohr et al., 2012; Gießing
et al., 2013; van Wijk et al., 2010). Subsequently, edge strength
and number of edges at each distance range were compared be-
tween groups.
2.3.2. Local network measures
Three nodal network measures were studied: node degree,
nodal clustering coefﬁcient (Watts and Strogatz, 1998), and nodal
betweenness centrality (Freeman, 1978). Node degree provides a
measure of the number of edges connected to each node, where 2
nodes are said to be neighbors when directly connected by an edge,
and nodal betweenness centrality measures the number of shortest
paths that cross a node. A region with high node degree is highly
connected to other regions, whereas a region with high between-
ness centrality would be a region easily reached by distant parts of
the network. Nodal clustering coefﬁcient measures the ratio of a
node’s connected neighbors relative to the maximum number of
connections among them. Brain functional networks often show
high clustering coefﬁcient because neuronal communicationAD (n ¼ 19) HC (n ¼ 17) p-value
16:3 14:3 c2 ¼ 0.93, p ¼ 0.62a
74.7  8.5 76.8  5.7 F2,51 ¼ 0.671, p ¼ 0.516b
22.58  2.9 29.1  0.85 t35 ¼ 0.91, p ¼ 0.36c
1.74  1.8 1.41  1.87 t34 ¼ 0.53, p ¼ 0.59d
72.2  11.5 96.4  3.37 t35 ¼ 0.97, p ¼ 0.33c
0.61  1.54f na t33 ¼ 2.61, p ¼ 0.006c
6.33  7.07f na t33 ¼ 1.10, p ¼ 0.277c
0.0  0.0f na t33 ¼ 3.81, p < 0.001c
G, Cambridge Cognitive Examination; DLB, dementia with Lewy bodies; HC, healthy
ric Inventory; UPDRS, Uniﬁed Parkinson’s Disease Rating Scale.
Fig. 2. Connectivity strength analysis between groups. Mean correlation strength for the 3 groups (healthy controls [HC], dementia with Lewy bodies [DLB], and Alzheimer’s disease
[AD]) at 3 edge distance ranges (short, middle, and long) according to their Euclidean distance between nodes. Error bars indicate 1 standard deviation from the mean. As expected,
the control group showed higher mean connectivity strength, while the 2 patient groups showed lower correlation strength. “#” stands for results that were signiﬁcant after
analysis of variance test (p-value < 0.05) with post-hoc Bonferroni correction (p-value < 0.05/3). “*” stands for signiﬁcant results at p-value < 0.05, 2-tailed unpaired t test,
uncorrected.
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2009; Newman, 2006b).
2.3.3. Global network measures
Five global network measures were studied: characteristic path
length L (Watts and Strogatz, 1998), clustering coefﬁcient C, global
efﬁciency E (Latora and Marchiori, 2001), modularity Q (Newman,
2006a, 2006b), and small-worldness s (Humphries and Gurney,
2008). L measures the average shortest path between any 2 nodesFig. 3. Comparisons between groups for global network measures at different edge densitie
average across this range of edge densities (shown as box plots at the right of each network
length L, global efﬁciency E, modularity Q, normalized clustering Cnorm, normalized path len
showed higher E and lower C compared with healthy controls (HC) and Alzheimer’s diseas
indicate 1 standard deviation from the mean. Triangular and squared markers are indicat
correction) between studied groups at the indicated edge densities. Asterisks (*) show sign
tegrated network measures estimated from each participant.within the network. C is the average of all nodal clustering
coefﬁcients. E is the average inverse of L, and it is indicative of
efﬁcient communication among brain nodes or communities.
Q measures how separated brain communities are among them-
selves; previous research has shown that the functional brain tends
to be modular (Meunier et al., 2010). Small-worldness measures
how well-connected the brain network is both locally and globally
(Power et al., 2010), and it is estimated as the ratio between the
normalized clustering coefﬁcient Cnorm and the normalizeds from 3.6% to 39.6% (shown as curves) and using integrated network measures, that is,
measure’s curve). Measures assessed were: clustering coefﬁcient C, characteristic path
gth Lnorm, and small-worldness s. On average, dementia with Lewy body (DLB) patients
e (AD) patients. Small-worldness is also higher in DLB compared with AD. Error bars
ive of signiﬁcant differences (analysis of variance [ANOVA] with post-hoc Bonferroni
iﬁcant differences (2-tailed unpaired t tests) between the indicated groups using in-
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dividing C by the clustering coefﬁcient of a random network Crand of
equal node degree distribution leading to C/Crand, and similarly for
Lnorm; L/Lrand (Humphries and Gurney, 2008). To estimate Crand and
Lrand, we used the average indices of 50 random networks preser-
ving the node distribution of the real networks (Sanz-Arigita et al.,
2010). A small-worldness higher than 1 means that the network
showed efﬁcient connectivity (Sporns et al., 2004). Previous
research consistently reports that the brain has a small-world
network architecture (Sporns et al., 2004; Stam and Reijneveld,
2007; van den Heuvel et al., 2008) and that the brain’s small-
worldness is altered in AD, probably due to network disconnec-
tions driven by neural degeneration (Delbeuck et al., 2003). We also
report Cnorm and Lnorm as part of our results.2.4. Statistical analysis
Statistics for demographic and clinical variables were per-
formed using Statistical Package for Social Sciences (version 22).
Head motion and rotation were assessed in Statistical Package for
Social Sciences by 2 Kruskal-Wallis tests. Connectivity values
between groups for short, middle, and long edges were assessed
by 3-level analyses of variance (p-value < 0.05) with post hoc
Bonferroni corrected (p-value < 0.05/3) unpaired t tests in Mat-
lab. Signiﬁcant differences for global network measures were
assessed using 3-level analysis of variance (p-value < 0.05) with
post hoc Bonferroni corrected unpaired t tests (p-value < 0.05/3,
Matlab) along all network densities. We also estimated integrated
global network measures by averaging their values through all
assessed edge densities (Ginestet et al., 2011), and tested for
statistical differences using 2-tailed unpaired t tests. This inte-
gration solves the multiple comparisons problem caused by
assessing several edge densities (Gießing et al., 2013). Compari-
sons for local network measures were assessed with 2-tailed
unpaired t tests (p-value < 0.05 uncorrected). The number of
times signiﬁcance was reached per node and edge density was
measured by its nodal consistency Si (Zhao et al., 2012), which
provides an exploratory measure of local network differences
between groups (see Supplementary Material). Finally, integrated
network measures were compared with clinical scores (MMSE,
CAMCOG, CAF, NPIhall, and UPDRS) using Spearman’s rank corre-
lations (Matlab).3. Results
Of the 63 participants, 2 AD patients were excluded from
the study because of coregistration problems. Additionally, 4 DLB
and 3 AD patients were also excluded due to excessive head
motion and/or rotation (>2 mm translation). The motion and/or
rotation parameters of the remaining cohort (18 DLBs, 19 ADs,
and 17 healthy controls) were <2 mm for translation and <1
for rotation. Furthermore, head motion and/or rotationFig. 4. Local network measure comparisons; node degree, clustering coefﬁcient, and
betweenness centrality for comparisons between groups; controls versus Alzheimer’s
disease (AD), Controls versus dementia with Lewy bodies (DLB), and DLB versus AD.
Spheres are proportional to the consistency value S through all edge densities with a
minimum value of S ¼ 1 and maximum of S ¼ 41 if the difference was signiﬁcant at all
densities from 3.6% to 39.6%. For node names and a list of consistency values, see
Supplementary Tables 1e4. Brains were plotted using BrainNet Viewer (Xia et al.,
2013).
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3.1. Demographic and clinical measures
Statistical comparisons of demographic and clinical variables are
shown in Table 1. The 3 groups were matched for age, with DLB and
AD patients matched for MMSE and CAMCOG scores. Both patient
groups were more cognitively impaired than controls. Cognitive
ﬂuctuation severity and frequency assessed by the CAF were higher
in DLB than AD. For the NPI, both patient groups were matched in
terms of the overall score, but DLB patients had higher subscale
scores (NPIhall) for the frequency and severity of hallucinations.
3.2. Spatial distance and strength of connections
Fig. 2 shows the average correlation for 3 edge distance ranges
(short, middle, and long). Correlation strength was lower in DLB
compared with AD for all 3 ranges (p-value < 0.015). Similarly,
correlation strength in DLB was signiﬁcantly lower than controls for
middle and long edges (p-value < 0.05); for AD versus controls,
edge strength was not signiﬁcantly different for any of the 3 ranges.
Additionally, the number of edges was counted at each network
density for each participant. The number of middle and long-range
edges in the 3 groups was not signiﬁcantly different. However,
when studying the presence of short edges, the number of these
were signiﬁcantly higher in the DLB group compared with AD
(p-value < 0.05) at network densities 17.1%, 18.9%, and 21.6%
(Supplementary Material).
3.3. Global network measures
Statistical comparisons for the global network measures (inte-
grated and nonintegrated) are shown in Fig. 3. The DLB group
showed higher global efﬁciency E than the AD and healthy controls.
Signiﬁcant differences for E were obtained between DLB and AD
patients at densities 16.2%e34.2% and for DLB versus controls at
19.8%e30.6%. AD and controls did not show signiﬁcant differences
for E. The characteristic path length Lwas signiﬁcantly lower in DLB
compared with controls and Alzheimer’s at densities 31.5%e39.6%
and 18.9%e39.6%, respectively. Modularity Q did not show signiﬁ-
cant differences, but there was a trend for higher modularity in DLB
and lower modularity in AD compared with controls.
The normalized clustering coefﬁcient Cnorm showed different
results to the non-normalized score: Cnormwas on average higher in
DLB than in controls and Alzheimer’s patients for the entire rangeFig. 5. Spearman’s rank correlations between clinical scores in dementia with Lewy body (D
along all edge densities) in the same group. The MMSE and CAMCOG scores, both measures o
Furthermore, the MMSE showed a negative correlation with the normalized characteristic pa
with DLB, also showed a signiﬁcant positive correlation with the normalized characteristic p
35), while the rest of the signiﬁcant correlations are shown as uncorrected (p-value < 0.05).
Examination; MMSE, Mini-Mental State Examination.edge densities. The normalized characteristic path length Lnormwas
signiﬁcantly higher in AD than in DLB patients for densities 15.3%e
39.6%. Small-worldness s did not show signiﬁcant differences, but it
was on average higher in DLB than in controls and AD.
When integrated across the range of edge densities, global
network measures still showed signiﬁcant differences (box plots in
Fig. 3). The DLB group showed lower C than healthy controls
(p-value ¼ 0.036) and lower Lnorm compared with AD (p-value ¼
0.024). Also, DLB showed higher integrated E (p-value ¼ 0.018) and
s (p-value ¼ 0.038) than AD patients.
3.4. Local network measure comparisons
Each brain plot in Fig. 4 shows network nodes with signiﬁcantly
different nodal measure values (p-value < 0.05) evaluated through
all edge densities. The size of the spheres is proportional to the
nodal consistency Si (Zhao et al., 2012) for signiﬁcant differences
across densities, that is, bigger spheres indicate that the regionwas
signiﬁcant in terms of nodal consistency Si at several densities with
a maximum value of Si ¼ 41, if the difference was signiﬁcant at all
densities; 3.6%e39.6% (equivalent to an average node degree from
4 to 44 edges per node; see Supplementary Material).
Regional differences were found by the 3 local network mea-
sures for DLB versus AD. DLB patients showed higher node degree
in temporal lobes compared with AD, including both hippocampi,
while nodes with lower degree were found at posterior areas (pa-
rietal and occipital) in DLB patients. In addition, the right frontal
lobe showed nodes with higher node degree in DLB when
compared with AD. For nodal clustering coefﬁcient, widespread
brain areas covering frontal, parietal and occipital lobes showed
lower scores in DLB. In contrast to DLB, AD patients demonstrated
lower clustering coefﬁcient in temporal cortices and the right oc-
cipital pole. Betweenness centrality showed less regionalized dif-
ferences between the patient groups.
Comparisons for controls versus DLB patients on node degree
revealed lower scores in DLB primarily at parietal and posterior
temporal cortices. Nodal clustering coefﬁcient was lower in DLB
compared with controls in most of the brain cortex, with fewer
differences in occipital lobes. In DLB both thalamic nodes showed
higher node degree, and the left hippocampus showed lower node
degree compared with controls. Betweenness centrality demon-
strated lower scores at temporal and parietal regions in DLBs
compared with controls.
Comparisons between controls and AD patients showed fewer
differences than controls versus DLB. AD patients showed lower
scores for node degree and clustering coefﬁcient primarily at bothLB) and integrated global network measures (the network measure average estimated
f cognitive impairment, showed a positive signiﬁcant correlation with global efﬁciency.
th length. The CAF score, which measures the level of cognitive ﬂuctuations in patients
ath length. “#” stands for results that survived Bonferroni correction (p-value < 0.05/
Abbreviations: CAF, Clinical Assessment of Fluctuations; CAMCOG, Cambridge Cognitive
L.R. Peraza et al. / Neurobiology of Aging 36 (2015) 2458e24672464temporal poles and frontal lobes. Lower betweenness centrality
was found in AD in temporal regions, cingulate gyri, and superior
parietal lobules.
3.5. Correlation with clinical measures
For DLB, signiﬁcant correlations were found between MMSE,
CAMCOG, and CAF and integrated global efﬁciency E and normal-
ized path length Lnorm (Fig. 5), although the correlation between
MMSE and E is the only result that survived Bonferroni correction.
MMSE and CAMCOG are positively correlated with E and the MMSE
is negatively correlated with Lnorm in DLB. The CAF score, which
ranges from 0 (no cognitive ﬂuctuations) to 12 (maximum level of
cognitive ﬂuctuations in our group) showed a positive correlation
with Lnorm. We could not ﬁnd signiﬁcant correlations between AD
clinical scores and integrated network measures. We did, however,
ﬁnd a positive correlation trend in the AD group between clustering
coefﬁcient andMMSE-CAMCOG, and between small-worldness and
CAMCOG at low edge densities (Supplementary Material).
4. Discussion
In this study, we found signiﬁcant differences in the functional
brain network of DLB patients compared with AD and healthy
controls. First, network alterations in DLB were broader than in AD.
Second, both patient groups showed divergent network alterations
manifested in the integrated global measures. For instance, DLB
patients showed higher small-worldness, while AD patients
showed lower small-world index when both groups were
compared against healthy controls. Finally, we found signiﬁcant
correlations between cognitive and ﬂuctuating attention clinical
scores and global network measures in DLB.
4.1. Network edge differences in DLB, AD, and healthy controls
Previous studies indicate that connectivity strength tends to be
lower in AD (Binnewijzend et al., 2012; Greicius et al., 2004; Liu
et al., 2013); the lack of signiﬁcant difference in connectivity
strength between Alzheimer’s and healthy controls in the present
study might be attributed to the mild stage of our Alzheimer’s
group with a relatively high MMSE score (mean, 22.58; standard
deviation, 2.9) compared with other studies (Liu et al., 2013; Zhao
et al., 2012). In support of this, Liu et al., 2013 found strength dif-
ferences for long distance connections in a severely impaired AD
group (MMSE mean, 6.2; standard deviation, 4.9) but not in less
impaired participants. It is probable that during the early stages of
neurodegeneration, compensatory responses are activated to
maintain functional integrity (Backman et al., 2000). In DLB, the
signiﬁcantly lower functional synchronization might be associated
with the presynaptic dysfunction caused by a-synuclein aggregates
which are present in the brain cortex, even at early stages of the
disease (Kramer and Schulz-Schaeffer, 2007; Schulz-Schaeffer,
2010). These presynaptic aggregates have been implicated in the
impairment of neurotransmitter release which would manifest in
lower synchronization of neuronal groups (Pogarell et al., 2006).
4.2. Altered small-world topology in AD and DLB
One important ﬁnding in this study, and contrary to our a priori
hypothesis, was the observation of higher small-worldness in DLB
compared with healthy controls. The AD cohort showed lower
small-worldness than healthy controls, and this ﬁnding is in
agreement with most of the previously published research (Sanz-
Arigita et al., 2010; Stam et al., 2007; Supekar et al., 2008). A
decrease of small-worldness has been suggested to arise as a resultof a brain network randomization (Stam et al., 2009) consequent to
the Alzheimer-related pathology.
The higher small-worldness we observed in DLB is driven by a
higher normalized clustering coefﬁcient which is indicative of
higher local connectivity. Certainly, our results on edge distance
comparisons suggest a relative increase of short edges in DLB
compared with controls, which explains the higher clustering co-
efﬁcient and the higher modularity Q shown in our results. The
trend of higher Q in DLB indicates a dissociation of functional brain
modules, suggesting that these are less connected. In contrast,
lower Q in AD has previously been reported (Chen et al., 2013; Sun
et al., 2014), and our results concur with this.
Increases in the number of short range edges in DLB are an effect
of the threshold of the connectivity matrices by edge density (see
Section 2). We observed higher desynchronization of distant brain
regions in DLB as evidenced by signiﬁcant low correlation strengths
in middle and long distance connections (see Fig. 2). This results in
networks with a more regular topology in DLB, with more con-
nections to the nearest neighbors and more dissociated functional
modules, which additionally leads to the effect of a higher
normalized clustering coefﬁcient and higher small-worldness. This
phenomenon is explained in Telesford et al. (2011), where it is
shown to be dependent on the edge rewiring of the real networks to
estimate Crand and Lrand (Telesford et al., 2011). We present detailed
analyses on this in Supplementary Material.
Higher desynchronization of long distance connections have
been reported using other neuroimaging modalities in Lewy body
dementias (Bosboom et al., 2009; Kai et al., 2005), and this maps
onto the known structural abnormalities in white matter in DLB
(Kiuchi et al., 2011; Watson et al., 2012).
Neurobiological explanations for the network regularization in
DLB remain speculative at this point but could include the signiﬁ-
cant known deﬁcit in cholinergic function which occurs in DLB
(Aarsland et al., 2004; Tiraboschi et al., 2000). Certainly, loss of
cholinergic function may have a deleterious effect on long-range
synchronicity (Bosboom et al., 2009; Kai et al., 2005); and sec-
ondly, deﬁcits of this neurotransmitter might impair the ability of
the cholinergic system to inhibit intracortical communication of
close range neuronal groups, which is the mechanism by which the
brain can enhance thalamocortical communication in the presence
of external stimuli (Kimura et al., 1999; Lucas-Meunier et al., 2003;
Picciotto et al., 2012; Proulx et al., 2014). From a network
perspective, the impact of these changes could be themanifestation
of a relative increase of cortical short distance connections in the
functional network, producing a more regular network topology
with higher small-worldness. Supporting evidence for this comes
from a recent investigation from Baggio et al. (2014) in PD patients
with mild cognitive impairment, whose functional brain network
also presented higher small-worldness compared with healthy
controls.
These ideas also resonate with our previous report in which we
found functional disconnections between the frontoparietal atten-
tion system and basal brain regions associated with cognitive
ﬂuctuations in DLB (Peraza et al., 2014), a symptomwhich has been
speculated to be dependent on cholinergic deﬁcits (Ballard et al.,
2001). However, we are cautious in over-interpreting our ﬁnd-
ings, as clearly a confounding element was the concurrent use at
the time of scanning of AChEI in our patient groups; previous
research has demonstrated functional connectivity can be restored
in mild AD (Li et al., 2012) and PD patients (Possin et al., 2013).
However, although to date there is no research work assessing in-
ﬂuences in rs-fMRI by this medication in DLB, it is known that DLB
patients have a much more severe deﬁcit in cholinergic function
compared with AD patients (Ballard et al., 2001; Lam et al., 2009).
Thus, we would argue that it is likely that functional alterations
L.R. Peraza et al. / Neurobiology of Aging 36 (2015) 2458e2467 2465arising as a result of cholinergic dysfunction are still likely to be
evident in DLB despite AChEI treatment.
4.3. Regional network differences in DLB and AD
The lower node degree and nodal clustering in temporal cortices
including both hippocampi in AD and parietal, occipital and frontal
cortices in DLB as shown in Fig. 4, are consistent with the disease-
speciﬁc regional predilections in pathology that have been
demonstrated in previous neuroimaging and postmortem studies
(Burton et al., 2004; Watson et al., 2012; Zhou et al., 2008). The
higher node degree in both thalamic nodes in DLB compared with
controls may reﬂect compensatory responses (Galvin et al., 2011;
Kenny et al., 2012), and it is notable that thalamic alterations
appear apposite to the signiﬁcant attention deﬁcits and cognitive
ﬂuctuations which occur in DLB (Delli Pizzi et al., 2014).
When comparing AD and control participants, regional differ-
ences are not as obvious as in DLB versus AD and DLB versus con-
trols. Nevertheless, lower node degree, clustering coefﬁcient, and
betweenness centrality were evidenced, particularly in temporal
cortices in AD, thus aligning with the tendency of the Alzheimer-
related pathology to affect these structures early in the disease
course (Firbank et al., 2010; Zhao et al., 2012).
4.4. Correlation with clinical scores in DLB
In the DLB group, the MMSE and CAMCOG scores, measures of
global cognitive function, were correlated with the integrated
global efﬁciency. In addition, the normalized path length and CAF
score in DLB demonstrated a signiﬁcant positive correlation, sug-
gesting that inefﬁcient connectivity may contribute to the mani-
festation of cognitive ﬂuctuations in DLB. In contrast, we did not see
any association between global measures and the other DLB core
symptoms of parkinsonism or visual hallucinations. However,
previous investigations suggest that complex visual hallucinations
in DLB are triggered by attention and cognitive deﬁcits (Collerton
et al., 2005; Shine et al., 2011; Uchiyama et al., 2012), symptom
domains whose clinical scores were correlated with global network
metrics in the current investigation. A possible explanation might
be that the symptoms of impaired cognition and attention are so
inter-related with alterations in the functional brain network that
these conceal signiﬁcant relations with the symptoms of complex
visual hallucinations and parkinsonism, and these are more
regionally speciﬁc, for example, visual areas (Heitz et al., 2015;
Taylor et al., 2012) and motor system (Huang et al., 2007). We
conducted exploratory analyses which provided some tentative
support for this conclusion (Supplementary Material).
We did not see any correlations with the clinical scores in the AD
group. One explanation may be that our AD group was less cogni-
tively impaired compared with previous reports, and because of
this, we were only able to ﬁnd correlation trends of MMSE and
CAMCOG with network measures in AD. In DLB, cognitive impair-
ment and ﬂuctuations appear to depend on the degree of cholin-
ergic dysfunction, and thus these ﬁndings provide further support
for the inference that functional network alterations in DLB may
depend on this neurotransmission system, although this must be
taken with the caveat that, we had no direct measure of the degree
of cholinergic dysfunction in our patients as well as the confound
that most of our patients were taking AChEI.
5. Conclusions
Our results of decreased small-worldness and lower nodal
network measures in temporal cortices in AD agree with the cur-
rent consensus in the literature. In DLB, small-worldness wasincreased, which is in contrast to AD results andmay be consequent
to network regularization arising as a result of a relative loss of
long-range connections. We further demonstrated that network
alterations are associated with the degree of cognitive impairment
and cognitive ﬂuctuations in DLB, highlighting the potential of
these metrics as disease biomarkers, as well as providing further
insights into the pathoetiologic mechanisms in this condition.
Future investigations in DLB and across the Lewy body disease
spectrum should consider novel multimodality approaches; see for
instance Whitwell et al. (2012) and Nombela et al. (2014), to better
understand and characterize this dementia and its triggering
mechanisms for an earlier and more accurate clinical diagnosis.
Disclosure statement
The authors have no conﬂicts of interest to disclose.
Acknowledgements
This work was supported by an Intermediate Clinical Fellowship
(WT088441MA) to John-Paul Taylor; theNational Institute forHealth
Research (NIHR), Newcastle Biomedical ResearchUnit (BRU) based at
Newcastle uponTyneHospitals NHSTrust, Newcastle University, and
TheHumanGreen Brain Project (http://www.greenbrainproject.org)
through EPSRC (EP/K026992/1) to Marcus Kaiser.
Appendix A. Supplementary data
Supplementary data associated with this article can be found, in
the online version, at http://dx.doi.org/10.1016/j.neurobiolaging.
2015.05.015.
References
Aarsland, D., Mosimann, U.P., McKeith, I.G., 2004. Role of cholinesterase inhibitors in
Parkinson’s disease and dementia with Lewy bodies. J. Geriatr. Psychiatry
Neurol. 17, 164e171.
Backman, L., Almkvist, O., Nyberg, L., Andersson, J., 2000. Functional changes in
brain activity during priming in Alzheimer’s disease. J. Cogn. Neurosci. 12,
134e141.
Baggio, H.-C., Sala-Llonch, R., Segura, B., Marti, M.-J., Valldeoriola, F., Compta, Y.,
Tolosa, E., Junqué, C., 2014. Functional brain networks and cognitive deﬁcits in
Parkinson’s disease. Hum. Brain Mapp. 35, 4620e4634.
Ballard, C., O’Brien, J., Gray, A., Cormack, F., Ayre, G., Rowan, E., Thompson, P.,
Bucks, R., McKeith, I., Walker, M., Tovee, M., 2001. Attention and ﬂuctuating
attention in patients with dementia with Lewy bodies and Alzheimer disease.
Arch. Neurol. 58, 977e982.
Beckmann, C.F., DeLuca, M., Devlin, J.T., Smith, S.M., 2005. Investigations into
resting-state connectivity using independent component analysis. Philos. Trans.
R. Soc. Lond. B Biol. Sci. 360, 1001e1013.
Binnewijzend, M.A., Schoonheim, M.M., Sanz-Arigita, E., Wink, A.M., van der
Flier, W.M., Tolboom, N., Adriaanse, S.M., Damoiseaux, J.S., Scheltens, P., van
Berckel, B.N., Barkhof, F., 2012. Resting-state fMRI changes in Alzheimer’s dis-
ease and mild cognitive impairment. Neurobiol. Aging 33, 2018e2028.
Bohr, I.J., Kenny, E., Blamire, A., O’Brien, J.T., Thomas, A.J., Richardson, J., Kaiser, M.,
2012. Resting-state functional connectivity in late-life depression: higher global
connectivity and more long distance connections. Front. Psychiatry 3, 116.
Bosboom, J.L.W., Stoffers, D., Wolters, E.C., Stam, C.J., Berendse, H.W., 2009. MEG
resting state functional connectivity in Parkinson’s disease related dementia.
J. Neural Transm. 116, 193e202.
Buchanan, C.R., Pernet, C.R., Gorgolewski, K.J., Storkey, A.J., Bastin, M.E., 2014.
Testeretest reliability of structural brain networks from diffusion MRI. Neuro-
image 86, 231e243.
Burton, E.J., McKeith, I.G., Burn, D.J., Williams, E.D., O’Brien, J.T., 2004. Cerebral at-
rophy in Parkinson’s disease with and without dementia: a comparison with
Alzheimer’s disease, dementia with Lewy bodies and controls. Brain 127 (Pt 4),
791e800.
Calderon, J., Perry, R.J., Erzinclioglu, S.W., Berrios, G.E., Dening, T.R., Hodges, J.R.,
2001. Perception, attention, and working memory are disproportionately
impaired in dementia with Lewy bodies compared with Alzheimer’s disease.
J. Neurol. Neurosurg. Psychiatry 70, 157e164.
Chen, G., Zhang, H.-Y., Xie, C., Chen, G., Zhang, Z.-J., Teng, G.-J., Li, S.-J., 2013. Modular
reorganization of brain resting state networks and its independent validation in
Alzheimer’s disease patients. Front. Hum. Neurosci. 7, 456.
L.R. Peraza et al. / Neurobiology of Aging 36 (2015) 2458e24672466Collerton, D., Burn, D., McKeith, I., O’Brien, J., 2003. Systematic review and meta-
analysis show that dementia with Lewy bodies is a visual-perceptual and
attentional-executive dementia. Demen. Geriatr. Cogn. Disord. 16, 229e237.
Collerton, D., Perry, E., McKeith, I., 2005. Why people see things that are not there: a
novel Perception and Attention Deﬁcit model for recurrent complex visual
hallucinations. Behav. Brain Sci. 28, 737e757.
Cummings, J.L., Mega, M., Gray, K., Rosenberg-Thompson, S., Carusi, D.A.,
Gornbein, J., 1994. The Neuropsychiatric Inventory: comprehensive assessment
of psychopathology in dementia. Neurology 44, 2308e2314.
De Vico Fallani, F., Richiardi, J., Chavez, M., Achard, S., 2014. Graph analysis of
functional brain networks: practical issues in translational neuroscience. Philos.
Trans. R. Soc. Lond. B Biol. Sci. 369.
Delbeuck, X., Van der Linden, M., Collette, F., 2003. Alzheimer’s disease as a
disconnection syndrome? Neuropsychol. Rev. 13, 79e92.
Delli Pizzi, S., Franciotti, R., Taylor, J.-P., Thomas, A., Tartaro, A., Onofrj, M.,
Bonanni, L., 2014. Thalamic involvement in ﬂuctuating cognition in dementia
with Lewy bodies: magnetic resonance evidences. Cereb. Cortex. http://
dx.doi.org/10.1093/cercor/bhu220.
Eguiluz, V.M., Chialvo, D.R., Cecchi, G.A., Baliki, M., Apkarian, A.V., 2005. Scale-free
brain functional networks. Phys. Rev. Lett. 94, 018102.
Fahn, S., Elton, R.L., 1987. Uniﬁed Parkinson’s disease rating scale. In: Fahn, S.,
Marsden, C.D., Calne, D.B., Goldstein, M. (Eds.), Recent Developments in Par-
kinson’s Disease. Macmillian Healthcare Information, Florham Park, NJ,
pp. 153e163.
Fair, D.A., Cohen, A.L., Power, J.D., Dosenbach, N.U.F., Church, J.A., Miezin, F.M.,
Schlaggar, B.L., Petersen, S.E., 2009. Functional brain networks develop from a
“local to distributed” organization. PLoS Comput. Biol. 5, e1000381.
Firbank, M.J., Blamire, A.M., Teodorczuk, A., Teper, E., Burton, E.J., Mitra, D.,
O’Brien, J.T., 2010. High resolution imaging of the medial temporal lobe in
Alzheimer’s disease and dementia with Lewy bodies. J. Alzheimers Dis. 21,
1129e1140.
Freeman, L.C., 1978. Centrality in social networks conceptual clariﬁcation. Soc. Netw.
1, 215e239.
Galvin, J.E., Price, J.L., Yan, Z., Morris, J.C., Sheline, Y.I., 2011. Resting bold fMRI dif-
ferentiates dementia with Lewy bodies vs Alzheimer disease. Neurology 76,
1797e1803.
Gießing, C., Thiel, C.M., Alexander-Bloch, A.F., Patel, A.X., Bullmore, E.T., 2013. Hu-
man brain functional network changes associated with enhanced and impaired
attentional task performance. J. Neurosci. 33, 5903e5914.
Ginestet, C.E., Nichols, T.E., Bullmore, E.T., Simmons, A., 2011. Brain network anal-
ysis: separating cost from topology using cost-integration. PLoS One 6, e21570.
Greicius, M.D., Srivastava, G., Reiss, A.L., Menon, V., 2004. Default-mode network
activity distinguishes Alzheimer’s disease from healthy aging: evidence from
functional MRI. Proc. Natl. Acad. Sci. U. S. A. 101, 4637e4642.
Hacker, C.D., Perlmutter, J.S., Criswell, S.R., Ances, B.M., Snyder, A.Z., 2012. Resting
state functional connectivity of the striatum in Parkinson’s disease. Brain 135
(Pt 12), 3699e3711.
He, Y., Chen, Z., Gong, G., Evans, A., 2009. Neuronal networks in Alzheimer’s disease.
Neuroscientist 15, 333e350.
Heitz, C., Noblet, V., Cretin, B., Philippi, N., Kremer, L., Stackﬂeth, M., Hubele, F.,
Armspach, J.P., Namer, I., Blanc, F., 2015. Neural correlates of visual hallucina-
tions in dementia with Lewy bodies. Alzheimers Res. Ther. 7, 6.
Huang, C., Tang, C., Feigin, A., Lesser, M., Ma, Y., Pourfar, M., Dhawan, V.,
Eidelberg, D., 2007. Changes in network activity with the progression of
Parkinson’s disease. Brain 130 (7), 1834e1846.
Humphries, M.D., Gurney, K., 2008. Network ‘small-world-ness’: a quantitative
method for determining canonical network equivalence. PLoS One 3, e0002051.
Kai, T., Asai, Y., Sakuma, K., Koeda, T., Nakashima, K., 2005. Quantitative electroen-
cephalogram analysis in dementia with Lewy bodies and Alzheimer’s disease.
J. Neurol. Sci. 237, 89e95.
Kaiser, M., 2011. A tutorial in connectome analysis: topological and spatial features
of brain networks. Neuroimage 57, 892e907.
Kelly Jr., R.E., Alexopoulos, G.S., Wang, Z., Gunning, F.M., Murphy, C.F., Morimoto, S.S.,
Kanellopoulos, D., Jia, Z., Lim, K.O., Hoptman, M.J., 2010. Visual inspection of
independent components: deﬁning a procedure for artifact removal from fMRI
data. J. Neurosci. Methods 189, 233e245.
Kenny, E.R., Blamire, A.M., Firbank, M.J., O’Brien, J.T., 2012. Functional connectivity in
cortical regions in dementia with Lewy bodies and Alzheimer’s disease. Brain
135 (Pt 2), 569e581.
Kimura, F., Fukuda, M., Tsumoto, T., 1999. Acetylcholine suppresses the spread of
excitation in the visual cortex revealed by optical recording: possible differ-
ential effect depending on the source of input. Eur. J. Neurosci. 11, 3597e3609.
Kiuchi, K., Morikawa, M., Taoka, T., Kitamura, S., Nagashima, T., Makinodan, M.,
Nakagawa, K., Fukusumi, M., Ikeshita, K., Inoue, M., Kichikawa, K., Kishimoto, T.,
2011. White matter changes in dementia with Lewy bodies and Alzheimer’s
disease: a tractography-based study. J. Psychiatr. Res. 45, 1095e1100.
Kramer, M.L., Schulz-Schaeffer, W.J., 2007. Presynaptic alpha-synuclein aggregates,
not Lewy bodies, cause neurodegeneration in dementia with Lewy bodies.
J. Neurosci. 27, 1405e1410.
Lam, B., Hollingdrake, E., Kennedy, J.L., Black, S.E., Masellis, M., 2009. Cholinesterase
inhibitors in Alzheimer’s disease and Lewy body spectrum disorders: the
emerging pharmacogenetic story. Hum. Genomics 4, 91e106.
Latora, V., Marchiori, M., 2001. Efﬁcient behavior of small-world networks. Phys.
Rev. Lett. 87, 198701.Li, N., Ma, N., Liu, Y., He, X.-S., Sun, D.-L., Fu, X.-M., Zhang, X., Han, S., Zhang, D.-R.,
2013. Resting-state functional connectivity predicts impulsivity in economic
decision-making. J. Neurosci. 33, 4886e4895.
Li, W., Antuono, P.G., Xie, C., Chen, G., Jones, J.L., Ward, B.D., Franczak, M.B.,
Goveas, J.S., Li, S.-J., 2012. Changes in regional cerebral blood ﬂow and functional
connectivity in the cholinergic pathway associated with cognitive performance
in subjects with mild Alzheimer’s disease after 12-week donepezil treatment.
Neuroimage 60, 1083e1091.
Liao, W., Chen, H., Feng, Y., Mantini, D., Gentili, C., Pan, Z., Ding, J., Duan, X.,
Qiu, C., Lui, S., Gong, Q., Zhang, W., 2010. Selective aberrant functional con-
nectivity of resting state networks in social anxiety disorder. Neuroimage 52,
1549e1558.
Liu, Y., Yu, C., Zhang, X., Liu, J., Duan, Y., Alexander-Bloch, A.F., Liu, B., Jiang, T.,
Bullmore, E., 2013. Impaired long distance functional connectivity and weighted
network architecture in Alzheimer’s disease. Cereb. Cortex. http://dx.doi.org/
10.1093/cercor/bhs410.
Lucas-Meunier, E., Fossier, P., Baux, G., Amar, M., 2003. Cholinergic modulation of
the cortical neuronal network. Pﬂugers Arch. 446, 17e29.
McKeith, I., O’Brien, J., Walker, Z., Tatsch, K., Booij, J., Darcourt, J., Padovani, A.,
Giubbini, R., Bonuccelli, U., Volterrani, D., Holmes, C., Kemp, P., Tabet, N.,
Meyer, I., Reininger, C., 2007. Sensitivity and speciﬁcity of dopamine transporter
imaging with 123I-FP-CIT SPECT in dementia with Lewy bodies: a phase III,
multicentre study. Lancet Neurol. 6, 305e313.
McKeith, I.G., Dickson, D.W., Lowe, J., Emre, M., O’Brien, J.T., Feldman, H.,
Cummings, J., Duda, J.E., Lippa, C., Perry, E.K., Aarsland, D., Arai, H., Ballard, C.G.,
Boeve, B., Burn, D.J., Costa, D., Del Ser, T., Dubois, B., Galasko, D., Gauthier, S.,
Goetz, C.G., Gomez-Tortosa, E., Halliday, G., Hansen, L.A., Hardy, J., Iwatsubo, T.,
Kalaria, R.N., Kaufer, D., Kenny, R.A., Korczyn, A., Kosaka, K., Lee, V.M., Lees, A.,
Litvan, I., Londos, E., Lopez, O.L., Minoshima, S., Mizuno, Y., Molina, J.A.,
Mukaetova-Ladinska, E.B., Pasquier, F., Perry, R.H., Schulz, J.B., Trojanowski, J.Q.,
Yamada, M., 2005. Diagnosis and management of dementia with Lewy bodies:
third report of the DLB Consortium. Neurology 65, 1863e1872.
McKeith, I.G., Galasko, D., Kosaka, K., Perry, E.K., Dickson, D.W., Hansen, L.A.,
Salmon, D.P., Lowe, J., Mirra, S.S., Byrne, E.J., Lennox, G., Quinn, N.P.,
Edwardson, J.A., Ince, P.G., Bergeron, C., Burns, A., Miller, B.L., Lovestone, S.,
Collerton, D., Jansen, E.N., Ballard, C., de Vos, R.A., Wilcock, G.K., Jellinger, K.A.,
Perry, R.H., 1996. Consensus guidelines for the clinical and pathologic diagnosis
of dementia with Lewy bodies (DLB): report of the consortium on DLB inter-
national workshop. Neurology 47, 1113e1124.
McKhann, G.M., Knopman, D.S., Chertkow, H., Hyman, B.T., Jack, C.R., Kawas, C.H.,
Klunk, W.E., Koroshetz, W.J., Manly, J.J., Mayeux, R., Mohs, R.C., Morris, J.C.,
Rossor, M.N., Scheltens, P., Carrillo, M.C., Thies, B., Weintraub, S., Phelps, C.H.,
2011. The diagnosis of dementia due to Alzheimer’s disease: Recommendations
from the National Institute on Aging-Alzheimer’s Association workgroups on
diagnostic guidelines for Alzheimer’s disease. Alzheimers Dement. 7, 263e269.
Meunier, D., Lambiotte, R., Bullmore, E.T., 2010. Modular and hierarchically modular
organization of brain networks. Front. Neurosci. 4, 200.
Newman, M., 2003. The structure and function of complex networks. SIAM Rev. 45,
167e256.
Newman, M., 2006a. Finding community structure in networks using the eigen-
vectors of matrices. Phys. Rev. E Stat. Nonlin. Soft Matter Phys. 74, 036104.
Newman, M.E.J., 2006b. Modularity and community structure in networks. Proc.
Natl. Acad. Sci. U. S. A. 103, 8577e8582.
Ni, L., Qi, R., Zhang, L.J., Zhong, J., Zheng, G., Zhang, Z., Zhong, Y., Xu, Q., Liao, W.,
Jiao, Q., Wu, X., Fan, X., Lu, G.M., 2012. Altered regional homogeneity in the
development of minimal hepatic encephalopathy: a resting-state functional
MRI study. PLoS One 7, e42016.
Nombela, C., Rowe, J.B., Winder-Rhodes, S.E., Hampshire, A., Owen, A.M., Breen, D.P.,
Duncan, G.W., Khoo, T.K., Yarnall, A.J., Firbank, M.J., Chinnery, P.F., Robbins, T.W.,
O’Brien, J.T., Brooks, D.J., Burn, D.J., Barker, R.A., 2014. Genetic impact on
cognition and brain function in newly diagnosed Parkinson’s disease: ICICLE-PD
study. Brain 137 (Pt 10), 2743e2758.
Peraza, L.R., Kaiser, M., Firbank, M., Graziadio, S., Bonanni, L., Onofrj, M., Colloby, S.J.,
Blamire, A., O’Brien, J., Taylor, J.-P., 2014. fMRI resting state networks and their
association with cognitive ﬂuctuations in dementia with Lewy bodies. Neuro-
image Clin. 4, 558e565.
Picciotto, Marina R., Higley, Michael J., Mineur, Yann S., 2012. Acetylcholine as a
neuromodulator: cholinergic signaling shapes nervous system function and
behavior. Neuron 76, 116e129.
Pogarell, O., Mulert, C., Hegerl, U., 2006. Event related potentials and fMRI in neu-
ropsychopharmacology. Clin. EEG Neurosci. 37, 99e107.
Possin, K.L., Kang, G.A., Guo, C., Fine, E.M., Trujillo, A.J., Racine, C.A., Wilheim, R.,
Johnson, E.T., Witt, J.L., Seeley, W.W., Miller, B.L., Kramer, J.H., 2013. Rivastigmine
is associated with restoration of left frontal brain activity in Parkinson’s disease.
Mov. Disord. 28, 1384e1390.
Power, J.D., Fair, D.A., Schlaggar, B.L., Petersen, S.E., 2010. The development of human
functional brain networks. Neuron 67, 735e748.
Proulx, E., Piva, M., Tian, M.K., Bailey, C.D., Lambe, E.K., 2014. Nicotinic acetylcholine
receptors in attention circuitry: the role of layer VI neurons of prefrontal cortex.
Cell Mol. Life Sci. 71, 1225e1244.
Raichle, M.E., MacLeod, A.M., Snyder, A.Z., Powers, W.J., Gusnard, D.A., Shulman, G.L.,
2001. A default mode of brain function. Proc. Natl. Acad. Sci. U. S. A. 98, 676e682.
Rubinov, M., Sporns, O., 2010. Complex network measures of brain connectivity:
uses and interpretations. Neuroimage 52, 1059e1069.
L.R. Peraza et al. / Neurobiology of Aging 36 (2015) 2458e2467 2467Sanz-Arigita, E.J., Schoonheim, M.M., Damoiseaux, J.S., Rombouts, S.A., Maris, E.,
Barkhof, F., Scheltens, P., Stam, C.J., 2010. Loss of ’small-world’ networks in
Alzheimer’s disease: graph analysis of FMRI resting-state functional connec-
tivity. PLoS One 5, e13788.
Schulz-Schaeffer, W.J., 2010. The synaptic pathology of alpha-synuclein aggregation
in dementia with Lewy bodies, Parkinson’s disease and Parkinson’s disease
dementia. Acta Neuropathol. 120, 131e143.
Seeley, W.W., Crawford, R.K., Zhou, J., Miller, B.L., Greicius, M.D., 2009. Neurodegen-
erative diseases target large-scale human brain networks. Neuron 62, 42e52.
Shine, J.M., Halliday, G.M., Naismith, S.L., Lewis, S.J., 2011. Visual misperceptions and
hallucinations in Parkinson’s disease: dysfunction of attentional control net-
works? Mov. Disord. 26, 2154e2159.
Sporns, O., Chialvo, D.R., Kaiser, M., Hilgetag, C.C., 2004. Organization, devel-
opment and function of complex brain networks. Trends Cogn. Sci. 8,
418e425.
Stam, C.J., de Haan, W., Daffertshofer, A., Jones, B.F., Manshanden, I., van Cappellen
van Walsum, A.M., Montez, T., Verbunt, J.P.A., de Munck, J.C., van Dijk, B.W.,
Berendse, H.W., Scheltens, P., 2009. Graph theoretical analysis of magneto-
encephalographic functional connectivity in Alzheimer’s disease. Brain 132,
213e224.
Stam, C.J., Jones, B.F., Nolte, G., Breakspear,M., Scheltens, P., 2007. Small-world networks
and functional connectivity in Alzheimer’s disease. Cereb. Cortex 17, 92e99.
Stam, C.J., Reijneveld, J.C., 2007. Graph theoretical analysis of complex networks in
the brain. Nonlinear Biomed. Phys. 1, 3.
Sun, Y., Yin, Q., Fang, R., Yan, X., Wang, Y., Bezerianos, A., Tang, H., Miao, F., Sun, J.,
2014. Disrupted functional brain connectivity and its association to structural
connectivity in amnestic mild cognitive impairment and Alzheimer’s disease.
PLoS One 9, e96505.
Supekar, K., Menon, V., Rubin, D., Musen, M., Greicius, M.D., 2008. Network analysis
of intrinsic functional brain connectivity in Alzheimer’s disease. PLoS Comput.
Biol. 4, e1000100.
Taylor, J.P., Firbank, M.J., He, J., Barnett, N., Pearce, S., Livingstone, A., Vuong, Q.,
McKeith, I.G., O’Brien, J.T., 2012. Visual cortex in dementia with Lewy bodies:
magnetic resonance imaging study. Br. J. Psychiatry 200, 491e498.
Telesford, Q.K., Joyce, K.E., Hayasaka, S., Burdette, J.H., Laurienti, P.J., 2011. The
ubiquity of small-world networks. Brain Connect. 1, 367e375.
Tijms, B.M., Wink, A.M., de Haan, W., van der Flier, W.M., Stam, C.J., Scheltens, P.,
Barkhof, F., 2013. Alzheimer’s disease: connecting ﬁndings from graph theo-
retical studies of brain networks. Neurobiol. Aging 34, 2023e2036.
Tiraboschi, P., Hansen, L.A., Alford, M., Sabbagh, M.N., Schoos, B., Masliah, E.,
Thal, L.J., Corey-Bloom, J., 2000. Cholinergic dysfunction in diseases with Lewy
bodies. Neurology 54, 407e411.Tiraboschi, P., Salmon, D.P., Hansen, L.A., Hofstetter, R.C., Thal, L.J., Corey-Bloom, J.,
2006. What best differentiates Lewy body from Alzheimer’s disease in early-
stage dementia? Brain 129 (Pt 3), 729e735.
Troster, A.I., 2008. Neuropsychological characteristics of dementia with Lewy bodies
and Parkinson’s disease with dementia: differentiation, early detection, and
implications for “mild cognitive impairment” and biomarkers. Neuropsychol.
Rev. 18, 103e119.
Uchiyama, M., Nishio, Y., Yokoi, K., Hirayama, K., Imamura, T., Shimomura, T.,
Mori, E., 2012. Pareidolias: complex visual illusions in dementia with Lewy
bodies. Brain 135 (Pt 8), 2458e2469.
van den Heuvel, M.P., Stam, C.J., Boersma, M., Hulshoff Pol, H.E., 2008. Small-world
and scale-free organization of voxel-based resting-state functional connectivity
in the human brain. Neuroimage 43, 528e539.
van Wijk, B.C.M., Stam, C.J., Daffertshofer, A., 2010. Comparing brain networks of
different size and connectivity density using graph theory. PLoS One 5, e13701.
Walker, M.P., Ayre, G.A., Cummings, J.L., Wesnes, K., McKeith, I.G., O’Brien, J.T.,
Ballard, C.G., 2000. The Clinician Assessment of Fluctuation and the One Day
Fluctuation Assessment Scale. Two methods to assess ﬂuctuating confusion in
dementia. Br. J. Psychiatry 177, 252e256.
Wang, J.-H., Zuo, X.-N., Gohel, S., Milham, M.P., Biswal, B.B., He, Y., 2011. Graph
theoretical analysis of functional brain networks: test-retest evaluation on
short- and long-term resting-state functional MRI data. PLoS One 6, e21976.
Wang, J., Zuo, X., He, Y., 2010. Graph-based network analysis of resting-state func-
tional MRI. Front. Syst. Neurosci. 4.
Watson, R., Blamire, A.M., Colloby, S.J., Wood, J.S., Barber, R., He, J., O’Brien, J.T., 2012.
Characterizing dementia with Lewy bodies by means of diffusion tensor im-
aging. Neurology 79 (9), 906e914.
Watts, D.J., Strogatz, S.H., 1998. Collective dynamics of “small-world” networks.
Nature 393, 440e442.
Whitwell, J.L., Weigand, S.D., Boeve, B.F., Senjem, M.L., Gunter, J.L., DeJesus-
Hernandez, M., Rutherford, N.J., Baker, M., Knopman, D.S., Wszolek, Z.K.,
Parisi, J.E., Dickson, D.W., Petersen, R.C., Rademakers, R., Jack Jr., C.R.,
Josephs, K.A., 2012. Neuroimaging signatures of frontotemporal dementia ge-
netics: C9ORF72, tau, progranulin and sporadics. Brain 135 (Pt 3), 794e806.
Xia, M., Wang, J., He, Y., 2013. BrainNet viewer: a network visualization tool for
human brain connectomics. PLoS One 8, e68910.
Zhao, X., Liu, Y., Wang, X., Liu, B., Xi, Q., Guo, Q., Jiang, H., Jiang, T., Wang, P., 2012.
Disrupted small-world brain networks in moderate Alzheimer’s disease: a
resting-state fMRI study. PLoS One 7, e33540.
Zhou, Y., Dougherty Jr., J.H., Hubner, K.F., Bai, B., Cannon, R.L., Hutson, R.K., 2008.
Abnormal connectivity in the posterior cingulate and hippocampus in early Alz-
heimer’s disease andmild cognitive impairment. Alzheimers Dement. 4, 265e270.
